In order to reduce the number of operations for the assessment of potable water treatment, principal component analysis and hierarchical clustering are applied to large databases of raw and treated water of three treatment plants with various processes. It appears that the measurements can be divided into three clear groups, with a correlation higher than 0.8. The first contains salinity, conductivity, water hardness, calcium, magnesium and chlorides. The second includes turbidity and organic matter. The third includes pH and alkalinity. Despite the disparities in water quality and in all the cases, three parameters were sufficient to represent all the routine measurements: conductivity, turbidity and pH, which can represent the three principal components of the data. It can reduce by two-thirds of the measurement and analysis, dropping from 6,960 to 2,088 analysis annually. The analysis on the principal axes of the individuals, represented by raw and treated water from the three treatment plants, reveals that the quality of the raw water seems more important than the type of treatment process, in the resulting quality of treated water. These results could be generalized and easily adopted by other treatment plants whatever the process. They could offer substantial savings of time, chemicals, electricity and longevity of the devices.
INTRODUCTION
A water treatment process commonly comprises the steps of coagulation-flocculation-sedimentation-filtration. Coagulation is a fast mixing process where a coagulant is mixed with raw water. Rapid mixing leads to the formation of a sticky material called floc. Flocculants are added and slowly mixed to form larger flocs. Sedimentation occurs due to the higher specific gravity of the flocs. They settle in the bottom of the sedimentation tank allowing clarified water to go through the filtration process.
Coagulation flocculation is a conventional technique particularly suitable for surface water (Colin et al. ) .
This technique is considered the most critical process in drinking water treatment (Lamrini et al. ) . Currently, in many water treatment plants (WTP), process control is generally accomplished through examining the quality of the produced water and adjusting the processes through an operator's own experience (Wu & Lo ) .
Treating water to a satisfactory quality is important and thus the optimization of this process is surely beneficial.
One of the main stages of optimization is the water quality monitoring and assessment. It is obvious that this situation necessarily leads to more frequent acquisitions and analysis of the monitoring criteria, generating a considerable amount of data, and optimization results typically improve when trained on more data. Generally, a number of simple but powerful techniques help to find statistically important factors and thus, improve conclusions on large data (Astel (Cruz et al. ) , electricity (Segreto et al. ) and genetics (Yeung & Ruzzo ) . In the water field, some researchers used statistics (factor analysis techniques such as PCA and clustering), for example, for reservoir flood control optimization (Zhu et al. ) , agricultural water management and irrigation (Valipour a, b, a, b) , rainfall forecasting (Valipour c) , streamflow forecasting (Kim & Seo ) or pipe burst in water distribution systems (Jung et al. ) . However, most of the researchers in the field apply those techniques to chemical data (Colin et Previous research focuses on only one type of water, either raw or treated water, in a specific river or treatment plant with a unique treatment process. However, this article stands out by the application of multiple statistical method (PCA and hierarchical clustering (HCL)) on potable water to both raw and treated water for three types of treatment processes: static settlement tank, lamella separator and pulsator settlement tank. It highlights the assessment parameters that are sufficient to represent all the others during the potable water treatment processes: all the measured parameters are reduced to an essential subset that represents the whole set of information. The findings can be an alternative to the numerous daily measures for the assessment of potable water treatment processes. Nevertheless, the measure of the other parameters or additional ones should continue when there is a need to have a better look at water quality and its variation. It enables WTPs operators to optimize the processes and to save time and cost. It is more convenient for operators and even for decision makers to have a quick preview on water quality in order to take the right decision in time in case of anomaly. A right decision can be taken by adapting the process to the new raw water quality in order to keep a good treated water quality. For example, the reductions of the control parameters to a few that can be controlled instantly (and not after the long hours needed by the jar test inter alia) allows the operators to use more appropriate quantities of process chemicals, and not the quantities corresponding to the day before. It can also raise equipment longevity (e.g. by preventing clogging of filters) and helps to reduce costs, especially in developing countries where very limited financial resources for equipment acquisition and maintenance are provided 
DATA AND METHODS

Data
Three drinking WTPs, situated in Tunis and providing drinking waters to Tunis and surrounding areas, were studied.
They included the usual main processes that are coagulation, flocculation, sedimentation and filtration. The difference between these plants is their sedimentation process: the first WTP (TP1) has a static settlement tank, the second one (TP2) has a pulsator settlement tank and the third (TP3) has a lamella separator. TP2 and TP3 have the same source of the raw water, different from TP1.
Three databases were used: a 2,102 × 20 matrix for the first treatment plant (TP1), a 2,088 × 20 matrix for the second treatment plant (TP2) and a 2,098 × 20 matrix for the third treatment plant (TP3). In each of these matrix, rows represents the day of sampling, from 2007 to 2012.
Columns represent the instrumental analysis values: ten parameters for raw water and the same number for treated water were measured. They are turbidity, salinity, conductivity, pH, M-alkalinity, water hardness, calcium, magnesium, chlorides, and organic matter. All these parameters were measured, none of them is calculated.
Turbidity was measured with a turbidimeter (±0.01 NTU), salinity and conductivity with a conductivity meter (±0.5%), pH with a pH-meter (±0.005%) and the other parameters with titrimetric determination method (±0.07% due to the use of an automatic burette) using H 2 SO 4 for M-alkalinity, EDTA for water hardness, calcium and magnesium, AgNO 3 for chlorides, and KMnO 4 for organic matter. To avoid human error and guarantee good accuracy, analysis was carried out according to standards Pre-processing of the data was required in order to avoid the effect of different variable scales (Cruz et al. ) . Standardization tends to increase the influence of variables whose variance is small and reduce the influence of those whose variance is large. Furthermore, these procedures eliminate the influence of different units of measurement and render the data dimensionless (Astel et al. ) . For PCA and HCL, Equation (1) was applied to the database for standardization:
where Xij is the data on the i row and j column of the database matrix, the Xijstd is the corresponding standardized value, μj is the mean and σj the standard deviation of the values of the j column.
Method
The water parameters that significantly influence the variation of water quality during the treatment process are determined with factor analysis through PCA and HCL that are reduction and classification techniques. The total number of PC is equal to i. However, the first few components can capture a disproportionate amount of the original information: based on just a few PC we can reduce the observation space. Our choice of the sufficient number of PC will be based on Kaiser Criteria that recommend choosing a PC with eigenvalues higher than 1.0 (Jackson ).
The Varimax procedure recommended by Fabrigar et al.
() and Russell () is used during PCA. It is the most common rotation option and it has generally been regarded as the best orthogonal rotation (Fabrigar et al. ) . This rotation is done in order to have every variable associated to a factor (Abdi ). Therefore, this procedure yields results that make it easier to identify each variable with a single factor and make axes easier to interpret.
Cluster analysis is an unsupervised pattern recognition technique wherein the most similar samples are grouped into clusters. It is repeated until all the samples belong to a cluster and the distribution of clusters is represented on a chart called a 'dendrogram'. In this paper, the agglomerative hierarchical cluster analysis is applied according to the Ward method. The latter indicates that the distance between two clusters is related to the increase in the sum of squares when merged. In HCL, at the beginning of the calculation, every point or variable is in its own cluster, so the sum of squares starts out at zero and then increases as clusters are merged. Ward's method aims to minimize this increase.
Euclidean distance is used as a similarity metric to calculate the distance between samples. So the criterion for choosing the pair of clusters to merge at each step is based on the optimal value obtained by the Euclidian function.
In order to check multivariate analysis suitability, PCA and HCL are preceded by some tests applied to the Classification of water quality parameters based on PCA
The PCA applied on the TP1 raw water parameters (Table 2) showed that the three first principal components explained up to 84% of the total observation variance (PC1 55.8%;
PC2 17.2% and PC3 11.2%). For the TP1 treated water parameters, it was 82.3%. For PCA applied to TP2 parameters for raw and treated water, the values were, respectively, 87.6 and 85.6%. For TP3, they are 85.1 and 86.5%, respectively. The chosen factors have eigenvalues higher than 1.0 (Kaiser Criteria) according to the results of Jackson () that compares heuristical and statistical approaches to choose the adequate factors. All three TP1, TP2 and TP3
for both raw and treated water show eigenvalues for the three first principal components higher than 1.0.
By applying PCA on TP1 raw and treated water parameters (Table 2 and Figure 1 ) it appears that salinity, conductivity, water hardness, magnesium, calcium and chlorides are highly explained by the first principal component (PC1) for raw and treated water (with all variable contributions higher than 0.899), turbidity and organic matters are well explained by PC2 for raw water and by PC3 for treated water (with all variable contributions higher than 0.700). pH and M-alkalinity are well correlated to PC3 for raw water and to PC2 for treated water. All results from Figure 1 show clusters containing the parameters of salinity, conductivity, water hardness, magnesium, calcium and chlorides. This suggests that the variation of these parameters is consistently similar. From Figure 1 
and 1(f), it appears that both turbidity and organic matters, and pH and M-alkalinity, form their own separate clusters.
This distribution is similar for the other two treatment plants ( Table 2) .
Regardless of the water type (raw or treated), the application of PCA to waters of TP2 and TP3 assigned all the parameters to three clusters ( Figure 2) : salinity, conductivity, water hardness, magnesium, calcium and chlorides (in green) are always correlated with each other, as it is for turbidity and organic matters (in blue) as well as for pH and M-alkalinity (in red).
The correlation between the parameters in each cluster ( In this way, according to the study by PCA, conductivity, turbidity and pH parameters could be the representatives of potable water quality during the treatment process whatever the type of process: static settlement tank, lamella separator or even pulsator settlement tank.
Classification of water quality parameters based on HCL
The dendrograms that result from cluster analysis HCL for both raw and treated water parameters of TP1 show the same three distinct clusters as PCA (Figure 3) . The green The HCL results obtained for TP1 data are the same as those for TP2 and TP3 treatment plants: three clusters have emerged that could be represented by conductivity, turbidity and pH parameters. The results obtained by HCL are consistent with that of PCA: whatever the treatment process and its stage, three parameters that are conductivity, turbidity and pH can represent the water quality.
Generalization
The similarities in water quality of the three treatment plants are studied in order to generalize the results: the raw and the treated water quality of each studied plant are compared through PCA. First, the mean of the parameters measured in each treatment plant from the database detailed in Table 1 are merged. Then, PCA is applied to the new database and the first two principal components that explain 99.8% of the total variance of the observations are retained.
The chart of the treatment plant raw water (TPraw) and treated water (TPtr) for the first two principal components (PC1 and PC2) shows three independent clusters: the first contains TP1 waters (raw and treated waters), the second contains TP2 and TP3 raw water and the third contains TP2 and TP3 treated water (Figure 4) .
TP1 raw and treated waters are grouped together, apart from TP2 and TP3, probably because the TP1 water source is different from the TP2 and TP3 water source. TP2 and TP3 have the same raw water, and even if their treatment processes are different, TP2 and TP3 have similar treated water quality. More treatment plants should be investigated to confirm this hypothesis, these results nevertheless suggest that the quality of the raw water is more important than the Other classification techniques may classify the studied data when the results given by PCA are difficult to interpret, e.g. Independent Component Analysis that is applied in many areas like signal and image processing (Shlens ) .
However, in this paper, PCA supported by HCL gives clear results (three clusters) and seems adequate for this case study.
The objective of PCA being to minimize the error between a projection and the original data, and then find a set of projections that maximize the variance of given data (Kwak ) , our results are confirmed since, based on Additionally, many recent studies in the potable water field were interested in the chemicals introduced (coagulant or flocculant) during the treatment processes. In this regard, the quantities of coagulant and of flocculant used during the treatments are added to the database of TP1, but only on raw water parameters because these chemicals are introduced in the beginning of the treatment processes before another 
CONCLUSION
The present study simplifies the assessment of the water quality during the water treatment process to three significant parameters which are conductivity, turbidity and pH.
These parameters can be easily and quickly measured in situ and in a laboratory.
This result can be generalized and extrapolated since, in this study, PCA and HCL are applied to the databases of various WTPs wherein processes are different (static settlement tank, lamella separator and pulsator settlement tank) at different water treatment stages (raw water and treated water) and always leads to the same result: they divide the parameters into the three same clusters.
This approach can be a useful tool for the operators to quickly assess the treatment process or the water quality, and especially to detect anomalies or changes like unexpected changes of raw water during floods or fugitive pollutions. Additionally, if some specific nonstandard or non-routine action takes place, e.g. the addition to the process of activated charcoal (acting as an organic carbon parameter) due to unusual odor or color of the raw water or the addition of a prechlorination treatment to the process (change in chloride concentrations), it would be wise to measure some relevant parameters, besides the specified three. Then, after water quality stabilization and compliance with standards, water quality can be assessed based on the monitoring of the three extracted parameters. This paper's results can also be a starting point for specific studies concerning water treatment optimization, for water modeling issues and for a fully automated monitoring system.
